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Introduction
1 Mass media health campaigns are essential to promote public health. By using mass to PME which was probed using single-item measures as well as questionnaires on ad 28 effectiveness (Falk et al., 2012) , perceived argument strength (Zhao et al., 2011) , and perceived 29 message sensation value (Palmgreen et al., 2002) . As expected, assessing the current test 30 audience's single-item evaluation of perceived message effectiveness confirmed the distinction 31 into strong as compared to weak videos (MStrong = 4.88, SD = .98; MWeak = 2.18, SD = .46; 32 t(18) = 7.89, p < .0001; d = 3.53, calculated using pooled SD; 95%-CI = 1.98 -3.42; independent 33 samples t-test, two-sided). Furthermore, the single-item PME ratings collected within the 34 current EEG test audience were highly correlated to the ratings collected within the previous 35 fMRI audience (Spearman's rank correlation coefficient -= .96, p < .0001).
36

Stimulus feature extraction and comparison across video categories 37
In order to assess whether the two categories of video health messages differed with 38 regard to physical features, we assessed changes in video luminance, optical flow and sound 39 envelope for each of the videos. Analyses were conducted using the Computer Vision System 40 Toolbox implemented in MATLAB. All videos were converted to greyscale by calculating the 41 weighted sum of the R, G, and B components of each pixel. Then, stimulus features were 42 extracted for each video frame: Luminance changes were extracted by calculating the squared 43 difference in pixel intensity from one frame to the next and then averaged across pixels. Optical 44 flow was computed using the Horn-Schunck method as implemented in the MATLAB Computer 45 Vision System Toolbox. For each frame, the average across pixels of the magnitude of the optical 46 flow vectors was calculated. As in Dmochowski et al. (2018) , the sound envelope was computed as the squared magnitude of the Hilbert transform of the soundtrack accompanying the 48 respective video health message. The extracted envelope was then downsampled to the video 49 frame rate.
50
To match the resolution of the EEG-ISC, all stimulus feature time courses were smoothed 51 using a 2 s Gaussian window and resampled to match the resolution of the ISC time course (2 s 52 sliding window, 0.25 s increments) and z-scored. Finally, to assess whether frame-to-frame 53 fluctuations of the physical stimulus features differ across video categories and to quantify the high variance (magnitude exceeded 3 times the distance between 25 th and 75 th percentile) were 109 identified and replaced with zero values. These artifact rejection procedures were performed to 110 discount outlier samples and channels in the subsequent calculation of covariance matrices and 111 were used due to the sensitivity to outliers of the covariance matrices used in the ISC 112 computation (see also Cohen and Parra, 2016; Dmochowski et al., 2012; Parra et al., 2018 
119
spatial filtering enables to detect large-scale activity patterns which otherwise could remain 120 unnoticed using a sensor-by-sensor approach (Dmochowski et al., 2012) . To obtain unbiased 121 estimates, correlated components were calculated using within-and between-subject covariance 122 matrices that were averaged across all videos and viewings. Based on inspection of the 123 eigenvalue distribution (Supplementary Figure SM 2) and previous work (e.g. Cohen and Parra, 124 2016; Dmochowski et al., 2012) , we extracted four components that captured most ISC. As in 125 previous work, we visualize the spatial distribution of the components (Fig. 1a ) by calculating the "forward models", representing the covariance between a component's activity and the 127 activity at each sensor (Cohen and Parra, 2016; Dmochowski et al., 2012; Haufe et al., 2014;  (Lakens, 2013) .
Beside the within-subjects factor "Video Category" (strong/weak), we included the within-139 subjects factor "Condition" (rating task/free viewing) and the between-subjects factor "Order" 140 (rating task followed by free viewing/free viewing followed by rating task) to test for possible 141 influences due to the rating task and/or repeated viewings. Statistical analyses were conducted 142 using jamovi software version 1.0.4.0 (https://www.jamovi.org/), R version 3.6.1
143
(https://www.r-project.org/), and the R packages "afex" (https://cran.r-144 project.org/package=afex) and "emmeans" (https://cran.r-project.org/package=emmeans). 145 2.7 Relating EEG-ISC to neural activation in independent functional neuroimaging data
146
In a second stream of analyses we calculated the EEG-ISC over time for each video and 147 each of the components (2 s sliding window, 0.25 s increments). These ISC time courses were 148 then used to predict neural activity measured in a second, independent target audience using 149 fMRI. The fMRI data was taken from previous work in which an additional 32 participants (16 150 females, MAge= 23.41; SD = 2.96) viewed the same alcohol prevention videos while neural data 151 was acquired using a Siemens Skyra 3T MRI System (for details, see Imhof et al., 2017) . Blood 152 oxygenation level-dependent (BOLD) signal was acquired using a T2*-weighted Fast Field Echo- 
181
To quantify the overlap between the current fMRI-GLM results and previous fMRI-ISC 182 findings, we created statistical maps that include the voxels which revealed a significant 
198
We used R version 3.6.1 to create the multiple linear regression models and subsequently 199 computed hierarchical linear regression to infer the amount of additionally explained variance 3. Results 1 3.1 Strong health messages prompt enhanced audience brain coupling 2 To examine the degree of inter-brain coupling within the audience prompted by strong 3 compared to weak health messages, we exposed a test audience of 32 viewers to video health 4 messages while measuring high-density EEG. In the current work, the video health messages 5 were evaluated regarding perceived message effectiveness (PME; Dillard et al., 2007; 
10
In order to calculate inter-subject correlation (ISC) across viewers, we extracted the four 11 most correlated components of the EEG data. Figure 1a visualizes which sensors contribute to 12 the correlated components and reveals distinct topographies for each component using their 13 forward projections. To confirm the hypothesis that strong compared to weak health messages 14 prompt enhanced inter-brain coupling across the audience, we submitted the level of ISC to 15 paired samples t-tests, which confirmed the hypothesis for all identified components (C1: 16 t(31) = 18.18, d = 3.21; C2: t(31) = 4.14, d = .73; C3: t(31) = 13.94, d = 2.46; C4: t(31) = 9.15, 17 d = 1.62; all p's < .001, two-sided, Bonferroni corrected; for details, please see Supplementary
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Table SR 1). As illustrated in Figure 1b , the enhancement of ISC for strong health messages was 19 highly consistent across viewers, i.e., the pattern was expressed in every audience member for C1 20 and C3 (32 out of 32), and in 29 out of 32 participants for C4. Although still significant, the effect 21 appeared less consistent for C2 with 24 out of 32 participants. Moreover, when computing the correlated components separately for each of the video categories and viewings, the spatial 23 topographies of the components were stable across viewings but revealed seemingly more 24 heterogeneity for weak messages (see Supplementary Figure SR 1 ). In sum, strong health 3.2 Enhanced inter-brain coupling to strong messages during free viewing and an effectiveness 28 rating task 29 In a second step, we examined whether the pattern of enhanced ISC for strong messages 30 varied across viewing conditions, that is, free viewing and an active rating task in which 31 participants evaluated message effectiveness. For each component, possible task and order 32 effects were assessed via four separate mixed repeated measures analyses of variance (ANOVAs) 33 with the within factors "Video Category" (strong vs. weak) and "Condition" (free viewing vs.
34
rating task), and the between factor "Order" based on the sequence of the two conditions, which 35 was counterbalanced across viewers.
36
As shown in Figure 1c , inter-brain coupling, as measured by the level of ISC for the four 37 components, was enhanced for strong compared to weak messages during both task conditions 38 (Main effects of "Video Category": F(1,30) = 16.61 to 321.04; all p's < .001, η 2 G = .06 to .43 -for 39 details, see Supplementary Table SR 2). The main effects of video category were not qualified by 40 any higher-order interaction in the separate ANOVAs of C1, C2, and C3. For C4, the interaction of 41 "Video Category x Condition x Order" reached significance (F(1,30) = 7.10, p = .012, η 2 G = .01).
42
However, two separate follow up-mixed repeated measures ANOVAs of both the free viewing 43 and the rating task condition data revealed only significant main effects of video category (Free 44 viewing: F(1,30) = 51.04, p < .0001, η 2 G = .21; Rating task: F(1,30) = 62.89, p < .0001, η 2 G = .22).
45
No other significant effect was found in these separate analyses. For C1 and C2, level of ISC 46 decreased from first to second viewing across both task orders resulting in significant interactions of "Condition x Order" (C1: F(1,30) = 46.55, p < .0001, η 2 G = .08; C2: F(1,30) = 11.80, 48 p = .0018, η 2 G = .07). Overall, the degree of EEG-ISC prompted by strong messages was 49 consistently enhanced compared to weak messages -during both free viewing and the 50 evaluation task. This pattern was especially pronounced for components C1, C3 and C4. Moreover, 51 to allow a comparison to previous research (Cohen and Parra, 2016; Dmochowski et al., 2014) , 52 an additional analysis using the same statistical model but ISC summed across the four To identify candidate brain sources of the maximally correlated components, we used
Correspondence between EEG-ISC and fMRI-ISC findings 82
In addition to providing information on the potential neural generators of EEG-ISC, the 83 EEG-informed fMRI analysis allows to assess the correspondence of our ISC results across two 84 neuroimaging modalities. To facilitate comparison, Figure 4 enables to compare the current 85 findings to previous fMRI-ISC findings during processing the same strong and weak health 86 messages (Imhof et al., 2017) . Similar to our previous work, the neural regions that show a 87 relation to the identified correlated EEG components extended itself across the cortical 88 hierarchy from "basic" sensory-related to "higher-order" cortical regions (e.g. Mesulam, 1998) .
89
When comparing the statistical maps of the two separate streams of analyses, we find that more 90 than 90% of the current findings of the EEG-informed fMRI analysis revealed overlap with the 
111
In a second step, we used linear regression to explore whether neural measures of health 112 message processing as well as self-reported risk perceptions were related to changes in drinking 113 behavior. Significant effects were seen with regard to amount of drinking, but not for drinking 114 frequency. In a linear regression model, ISC averaged across strong health messages for 115 components C1 to C4, drinking at baseline, as well as self-reported drinking-related worries, 116 intentions, perceived need to act, and perceived health threat were entered as independent reported need to act, intentions, and perceived health threat, were significant predictors of 120 drinking at follow up (p's = .03 to < .001; for details, see Supplementary Table SR 6 ).
121
Lastly, to determine whether neural measures can make a unique contribution, we 122 computed a hierarchical linear regression analysis. First, we entered amount of drinking at 123 baseline followed by worries, need to act, intentions to change, and perceived health threat 124 which explained an additional 24.7 % of variance (Fchange = 5.74, p = .003). Entering ISC of 125 components C3 and C4 in the next step explained an additional 9.8 % of variance resulting in a 126 better model fit (Fchange = 8.71, p = .002 -see Table 1 ). Adding EEG-ISC of components C1 and C2 - 
Discussion
1 Health messages are critical for health promotion and disease prevention, but only if they 2 reach and positively engage their target audience. To achieve this at scale, however, messages 3 must be able to attract and sustain attention of the recipients -and collectively across large 4 audiences. Here, we presented members of a target audience with real-life video health 5 messages about risky alcohol use and assessed the collective coupling across their brains during 6 message exposure using inter-subject correlation (ISC). We find that the strength of 7 audience-wide ISC during message receipt is associated with the strength of the messages, that 8 is, their perceived effectiveness. Our findings imply that the strength of ISC within an audience 9 can indicate whether a health message resonates across receivers. Capturing these effects across 10 the brains of an audience may thus provide a promising tool to objectively quantify the impact of 11 mediated health messages and for studying the micro-level processes in response to persuasive 12 messages.
13
Strong health messages increase audience brain coupling 14
The main finding is that strong health messages increased inter-brain coupling across 15 the audience. When our test audience was exposed to strong messages, the receivers' brain 16 responses became more closely aligned, whereas messages that people evaluated as being less 17 effective evoked more heterogeneous responses. This effect was found for all identified 18 components and corroborated across two experimental tasks. Our findings are in line with a 19 growing body of research that uses fMRI and EEG to assess the neural base of audience 20 engagement in response to naturalistic stimuli, such as rhetorically strong speeches, engaging 21 movies, or narratives (Barnett and Cerf, 2017; Cohen et al., 2017; Cohen and Parra, 2016; Hasson et al., 2010; Honey et al., 2012; Ki et al., 2016; Lahnakoski et al., 2014; Schmälzle et al., 2015;  23 Silbert et al., 2014) . Importantly, the components C1, C3 and C4 found in the present work closely 24 resembled components obtained in previous studies using naturalistic audio-visual stimuli, but 25 different tasks, EEG-systems, and sensor layouts (e.g. Cohen and Parra, 2016; EEG INTER-BRAIN COUPLING AND HEALTH MESSAGES 20 -can track attentional and behavioral engagement in an audience (Cohen 28 et al., 2017; Dmochowski et al., 2014; Dmochowski et al., 2012; Ki et al., 2016) . This extension of 29 the ISC approach to EEG is promising since it allows a more flexible measurement in real world 30 contexts and thus offers translational potential for neural measures as a scalable assessment of 31 the audience response to health media. 
50
Moreover, recent work linked think-aloud protocols captured immediately after message 51 exposure to brain activity (Pei et al., 2019) and a similar strategy would be feasible for ISC-based 52 approaches (cf. Dmochowski et al., 2012) . We anticipate that ISC could indicate if moments of a acknowledging the limits of reverse inference (Poldrack, 2006) , the picture that arises based on strength of ISC may serve as a proximal marker of health message success.
Identifying such markers of health message success can inform health communication messages that are likely going to be successful. In brief, PME-scales have been used in formative 113 research based on the assumption that they can serve as a proxy for actual effectiveness (Dillard 114 et al., 2007; Yzer et al., 2015) . However, recent work by O' Keefe (2019 Keefe ( , 2018 argued that PME is 115 not demonstrably related to actual effectiveness in meta-analyses (but see Cappella, 2018; Davis 116 and Duke, 2018) . Our results speak to this debate insofar as they show that messages evaluated 117 as high in perceived effectiveness by the participants of our screening sample actually prompted 118 stronger ISC of EEG data in another, independent test audience. Furthermore, exploratory 119 analysis showed that EEG-ISC was predictive of behavior change. Acknowledging that these 120 findings await replication by future research, it can be argued that messages that prompt a the participants who are being tested or in new audiences, including the population level 123 targeted by mass-media campaigns (Dmochowski et al., 2014; Falk et al., 2016; Falk et al., 2015;  and thus, on the long term more generalizable. The ultimate goal of health communication is to influence health by successfully 138 informing and persuading people to reduce risky behaviors or engage in preventive action. To 139 help with this endeavor, the EEG-ISC approach may offer a marker of messaging success 140 (Dmochowski et al., 2014) . In the current study, EEG-ISC of components C3 and C4 was not only 141 related to higher-order brain regions but did also, in addition to self-report measures, predict 142 reductions in risky drinking. By contrast, adding EEG-ISC of components C1 and C2, whose neural 143 generators were most likely located in brain regions devoted to sensory and perceptual analysis, 144 did not significantly improve prediction of behavior change. Accordingly, these results support 145 the idea that messages that promote a sense of personal relevance, risk perception, or related 146 psychological processes appear related to the engagement of C3 and C4 and are especially apt to 147 motivate behavior change. Indeed, several fMRI studies suggest that message-evoked brain 148 responses in mediofrontal regions are associated with behavior change, e.g., in the context of 149 smoking or sunscreen use (Chua et al., 2011; Falk et al., 2015; Falk et al., 2011; Falk et al., 2010) .
150
Although the current results are consistent with this work, we emphasize the need for further 151 research and replication using larger sample sizes. For example, the different measures of 152 alcohol consumption employed in the current study revealed variance in the behavioral 153 outcomes -possibly due to differing temporal resolution of the measures or intra-subject 154 variability. In this respect, more fine-grained behavioral measures, such as ecological 155 momentary assessment could improve both the resolution and the accuracy of assessing 156 changes in alcohol consumption over time (e.g., Smith et al., 2017) . and low PME messages on audience brain responses, second by suggesting EEG-ISC as a new, the pathways through which messages become affectively charged, motivate preventive health 166 action, and ultimately to predict changes in behavior and thus, positive societal outcomes (e.g.
167 Falk et al., 2010; Falk et al., 2015; Falk et al., 2016; Weber et al., 2018) . Although this theorizing 168 appears plausible, we note that more work is needed to reveal the functional significance of this 169 putative marker of collective engagement. data. Especially with regard to C1, these findings agree with previous work using purely auditory 176 stimulation (Cohen and Parra, 2016; Iotzov et al., 2017) and work relating fluctuations within 177 the same component to luminance changes in a video (Poulsen et al., 2017 ) -replicating that 178 both primary visual and auditory processing seem to contribute to this component. Importantly,
179
the findings of the EEG-informed analysis revealed a broad overlap with fMRI-ISC of previous 180 work in both sensory-perceptual and cortical midline brain regions (see Figure 4 and Imhof et 181 al., 2017). However, because the data sets were collected from different samples and not using 182 simultaneous measurements, we cannot definitely infer that EEG-ISC is originating from the 183 indicated brain regions. Future research collecting EEG and fMRI data from the same 184 participants would provide more conclusive evidence regarding this issue. At the same time, 185 however, the present analysis based on independent samples precludes that relations between 186 the two measured modalities are the result of common physiological confounds or artifacts methodological integration (e.g. Haufe et al., 2018; Liu et al., 2017) , but also replicates and 190 validates the findings of enhanced ISC for strong health messages across two neuroscientific 191 methods. This suggests that, irrespective of the neuroscientific measure, neural signals are 192 reliably entrained across viewers by health messages. As different modalities capture 193 independent levels of information, this approach can boost our ability to identify messages that 194 are likely to be effective at scale. In summary, the present findings demonstrate the potential of EEG-based audience 197 response measurement to differentiate between strong and weak health messages. Beyond 198 informing basic science questions regarding the neurocognitive processes that mediate effective 199 messaging strategies, neural metrics of audience engagement could also be used to select 200 promising messages from a pool of candidates, or to predict impact in audiences beyond the 201 neuroscience laboratory. While not specifically designed for predicting audience impact, the 202 observation that the degree of ISC captured by "higher-order components" was related to 203 behavior change seems noteworthy. Given that health messages are a key strategy of public 204 health prevention, developing neural measures as a proximal marker for health message success 205 seems promising for a translation to applied settings. Imhof et al. (2017) obtained in an independent participant sample that viewed the same video health messages. fMRI-ISC r-values are overlaid onto the same anatomical rendering for Strong (red) and Weak (blue) mmessages (FDR corrected). All visualizations are shown on a Talairach-normalized anatomical rendering of the left hemisphere. c) A large portion of the voxels shown in the significance map in a) reveals overlap with the voxels depicted in the significance map in b) -for details, please see section 2.7). 
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